Background: The theoretical conditions under which causal estimates can be derived from observational data are challenging to achieve in the real world. Applied examples can help elucidate the practical limitations of methods to estimate randomizedcontrolled trial effects from observational data. Methods: We used six methods with varying design and analytic features to compare the 5-year risk of incident myocardial infarction among statin users and non-users, and used non-cardiovascular mortality as a negative control outcome. Design features included restriction to a statin-eligible population and new users only; analytic features included multivariable adjustment and propensity score matching. Results: We used data from 5294 participants in the Cardiovascular Health Study from 1989 to 2004. For non-cardiovascular mortality, most methods produced protective estimates with confidence intervals that crossed the null. The hazard ratio (HR) was 0.92, 95% confidence interval: 0.58, 1.46 using propensity score matching among eligible new users. For myocardial infarction, all estimates were strongly protective; the propensity score-matched analysis among eligible new users resulted in a HR of 0.55 (0.29, 1.05)-a much stronger association than observed in randomized controlled trials. Conclusions: In designs that compare active treatment with non-treated participants to evaluate effectiveness, methods to address bias in observational data may be limited in real-world settings by residual bias.
Introduction
Drawing causal inferences from observational data often relies on estimating a counterfactual contrast for the exposure or treatment of interest. Substantial literature has considered statistical methods to estimate this counterfactual contrast without the benefit of randomization. [1] [2] [3] These methods have focused on recreating the study design conditions of a randomized-controlled trial (RCT), often including restriction of the study population to those eligible for the treatment [4] [5] [6] [7] [8] [9] and restriction to new users of a treatment to allow adjustment for pre-treatment levels of covariates. 10 Additionally, analytic features such as adjustment for covariates and the use of propensity scores to quantify the likelihood of receiving treatment have been used to address differences between users and non-users. 11, 12 The combination of these design and analytic conditions has been successful in replicating results of trials, e.g. in an observational study of hormone replacement therapy on coronary heart disease (CHD) in the Nurses' Health Study 5 and of statins and CHD in a large database of electronic health records. 6 Given the known limitations of randomized trials, 13, 14 these methods may be useful for evaluating potential benefits and harms of recently FDA-approved medications in post-marketing surveillance. However, the conditions under which causal estimates can be gleaned from observational data have not been clearly elucidated.
The utility of these methods may differ depending on the outcome of interest; outcomes that the treatment is intended to effect (e.g. effectiveness outcomes) may be subject to more bias in observational data than outcomes that the treatment is not intended to affect (e.g. safety outcomes or adverse effects). 15, 16 Furthermore, these methods have not been well evaluated in moderately sized cohorts, in which restriction-based methods to reduce bias may have a critical impact on sample size and, subsequently, precision. We used data from the Cardiovascular Health Study (CHS) to apply a combination of design and analytic strategies to a well-characterized cohort of 5888 older adults, to assess the utility of these methods in addressing bias related to statin use. We chose two outcomes: incident myocardial infarction (MI), as an effectiveness outcome; and non-cardiovascular (CVD) mortality, as a negative control outcome (based on biologic plausibility as well as prior studies of statin use). [17] [18] [19] Statins provide a useful setting for investigating issues of bias because they are a common preventive treatment, and the broad array of beneficial outcomes associated with statin use have raised questions about the potential pervasive influence of healthy user bias. [20] [21] [22] Healthy user bias results when a treatment is associated with other health-promoting characteristics, such as access to care and proactive health behaviours, leading to overly protective estimates of effectiveness. This is in contrast to confounding by indication, or the observation that less healthy individuals are more likely to be prescribed treatment, which would bias the estimate of effect in the harmful direction. 23 CHS is an advantageous cohort for this analysis because of the large number of new statin users; study enrolment began just 2 years after FDA approval of the first statin. A prior publication from CHS suggested a strong protective association between statin use and incident cardiovascular events. 24 Subsequently, a large RCT (PROSPER) among high-risk adults aged 70-82 years suggested that the effect of statins was much smaller. 25 These disparate results suggest the possibility of healthy user bias or early adopter bias-an exaggerated form of healthy user bias unique to the time period immediately after release of a novel therapy. We aimed to evaluate whether a combination of design and analytic approaches using observational data would produce estimates consistent with RCTs.
Methods

Data source
CHS is a longitudinal cohort of 5888 adults aged 65 and over recruited from Medicare eligibility lists in four sites
Key Messages
• There is a need for better understanding of the practical limitations of methods to estimate randomized-controlled trial (RCT) effects from observational data.
• We compared six methods to estimate the effect of statin use on myocardial infarction and non-cardiovascular mortality using data from the Cardiovascular Health Study.
• The methods used had a modest effect on estimated associations, particularly for myocardial infarction, likely due to residual healthy user bias and limited precision.
• All methods produced stronger protective estimates of the effect of statins on myocardial infarction than comparable
RCTs. 26 Exclusion criteria included institutionalization, active cancer treatment or expectation of moving from the area within 2 years. Participants provided informed consent, and institutional review boards at each site approved the study. Participants were contacted semi-annually, alternating between a telephone interview and an annual clinic examination through 1999, and continuing by telephone interview afterwards. Additional information was collected from medical records and interviews with surviving participants or proxies.
Study design
We compared six models with various design and analytic features: (i) crude analysis, (ii) restriction to those eligible for statins, (iii) multivariable adjusted among eligible population, (iv) restriction to eligible new users, (v) multivariable adjusted among eligible new users and (vi) propensity score (PS)-matched among eligible new users. We applied each method to the association between statins and two outcomes of interest: non-CVD mortality, as a negative control outcome, and incident MI. We considered each study visit as a 'trial', and outcomes in the subsequent 5 years were evaluated in relation to statin status at the beginning of that trial (akin to an intent-to-treat approach of a 5-year randomized trial). Trials were pooled into a single analysis, and standard errors were adjusted appropriately to account for the fact that participants could contribute to more than one trial. This approach has been described previously. 6, 27, 28 Participants were considered eligible for statins if they met any of the following criteria, based on guidelines informed by the National Cholesterol Education Program's 1993 Adult Treatment Panel II guidelines 29 
Measurement of key variables
Exposure: statin use At each visit, medication use during the past 2 weeks was determined by inspection of prescription bottles. 30 Statin initiation was marked at the first study visit where statins were used, if statins were not used at the previous visit (to approximate a 1-year washout period, though precise time of initiation is unknown). Statin users whose statin status at the previous visit was missing were classified as statin users but not statin initiators. Statin use was not imputed; 2.9% of observations were missing statin use.
Outcomes: non-CVD mortality and incident MI We included outcomes that occurred within 5 years after statin measurement. Cause of death (CVD or non-CVD) was adjudicated by a Morbidity and Mortality Committee. 31 The most common causes of non-CVD mortality were dementia, cancer and pneumonia. MI was also adjudicated by committee, and was defined on the basis of cardiac enzyme levels, chest pain and serial electrocardiographic changes. Variables that were not measured annually were carried forward from the last available visit, for no more than 5 years. Missing observations were replaced with a nonmissing value from the previous visit. Valid response categories for missing values were created for living arrangement (missing for 23.2% of observations) and additional insurance status (22.1% missing). With these adjustments, 2.0% of observations had any missing information.
Statistical analysis
Method 1: prevalent users, unadjusted Using an unadjusted proportional hazards model, we compared all prevalent statin users to all non-users in the pseudo-trial framework as a naïve approach.
Method 2: eligible prevalent users, unadjusted
We fit an unadjusted proportional hazards model among an analytic sample restricted to those who met the eligibility criteria for statins as described above.
Method 3: eligible prevalent users, adjusted
We restricted the analytic sample to those who met the eligibility criteria described above, and fit a proportional hazards model adjusted for visit year, baseline age, sex, race, CHD status, total cholesterol, LDL-cholesterol, HDL-cholesterol, diabetes, oral hypoglycaemic medication, hypertension, anti-hypertensive medication, smoking status, total cardiovascular risk points, general health status, education, insurance status and living arrangement.
Method 4: eligible new users, unadjusted
We restricted the analytic sample to those who met the eligibility criteria above and were not taking statins at the previous visit, and fit an unadjusted proportional hazards model. This model estimates the marginal intent-to-treat hazard ratio (HR) in a population that is eligible for statins according to the National Cholesterol Education Program's 1993 Adult Treatment Panel II guidelines.
Method 5: eligible new users, adjusted
The analytic sample was restricted to those who met the eligibility criteria above and were not taking statins at the previous visit; we fit a proportional hazards model adjusted for visit year, baseline age, sex, race, CHD status, total cholesterol, LDL-cholesterol, HDL-cholesterol, diabetes, oral hypoglycaemic medication, hypertension, anti-hypertensive medication, smoking status, total cardiovascular risk points, general health status, education, insurance status and living arrangement. This model estimates the intent-to-treat HR conditional on the above covariates among a statin-eligible population.
Method 6: eligible new users, PS-matched
The analytic sample was restricted to those who met the eligibility criteria above, were not taking statins at the previous visit and were matched on their propensity for initiating statins. The treatment model included the same covariates used in the multivariable adjusted models above (visit year, baseline age, sex, race, CHD status, total cholesterol, LDL-cholesterol, HDL-cholesterol, diabetes, oral hypoglycaemic medication, hypertension, anti-hypertensive medication, smoking status, total cardiovascular risk points, general health status, education, insurance status and living arrangement). Matching was done by identifying the three non-initiators with propensity scores closest to the propensity score for each statin initiator, within a calliper of 0.001 (nearest neighbour matching with replacement). Of the 222 eligible initiators, 214 were matched successfully. The treatment model produced good covariate balance between matched initiators and non-initiators, as visualized by the standardized percentage bias (Supplemen tary Figure 1 , available as Supplementary Data at IJE online). 32 The analytic model estimates the intent-to-treat HR comparing statin initiators to non-initiators within a population matched on the predicted probability of treatment.
To evaluate the potential for shifting biases as statin use became more prevalent, we compared early statin initiators (those who started statins in 1990-95) to late statin initiators (those who initiated in 1996-98). We also investigated effect modification by age (age 65-69 vs 70þ at baseline), sex and propensity for statin initiation, given that statins have been demonstrated to be more effective in preventing MIs in secondary prevention and/or among those at highest cardiovascular risk. 25 In addition, we replicated Methods 1-6 above as logistic models, in order to apply probability weights. As a seventh method, we used the propensity score treatment model described above to calculate inverse probability of treatment weights. To address a modest violation of the positivity assumption, we excluded the non-initiators with a predicted probability of treatment above or below the range of the initiators in this model. We also calculated inverse probability of attrition weights to investigate the impact of selective attrition and applied them to all seven methods (see Supplementary Table 2 , available as Supplementary Data at IJE online).
Results
The current analysis excluded 32 participants with no data on statin use and 562 participants with a history of MI at baseline, leaving 5294 in the analytic sample. A total of 1625 non-CVD deaths and 757 incident MIs were observed within 5 years of statin measurement (120 non-CVD deaths and 41 incident MIs among statin users). A total of 697 people initiated statins during follow-up, including 66 who initiated statins twice and 3 who initiated statins three times. Statin initiation became more common during follow-up, with 0.7% of participants initiating at the first follow-up visit and 2.2% of participants initiating at the last follow-up visit (Supplementary Table 1 Statin initiators had higher LDL-cholesterol levels and body mass indices (BMIs) than non-users, and were more likely to have CHD, diabetes and be taking oral hypoglycaemic medications (Table 1) . However, fewer than twothirds of statin initiators were eligible for statins based on covariate values at the visit before initiation (Table 1) .
Most point estimates of the association between statin use and 5-year non-CVD mortality were protective, with confidence intervals that included the null (Figure 1) Estimates of the association between statin use and incident MI were broadly similar across all methods, with overlapping confidence intervals (Figure 2) . Crude models showed a strong protective association between statin use and 5-year incident MI [HR 0.54 (0.37-0.78)]. Additional restrictions and multivariable adjustment resulted in slightly stronger associations. The propensity scorematched analysis of initiators compared with noninitiators resulted in a point estimate similar to the crude estimate but with a large CI [HR 0.50 (0.27, 0.93)].
Estimates of associations between statin use and non-CVD mortality were comparable between early users (1990-95) and late users (1996-98) for methods that compared prevalent users to non-users ( Table 2 ). Methods that compared initiators to non-initiators, including the propensity score-matched model, produced more protective associations among early initiators than late initiators.
We found no evidence of effect modification by age, sex or propensity of treatment. Results were similar when we examined the patterns for risk differences (Supplementary  Table 2 , available as Supplementary Data at IJE online). Estimates from the inverse probability of treatment weighted model were similar to those from the propensity score-matched model. Adjustment for inverse probability of attrition weights did not have an impact on the estimates.
Discussion
Using a well-characterized cohort of older adults followed in the years after the introduction of statins, we found that a variety of design and analytic methods to address bias in observational data had a modest effect on the results. For non-cardiovascular mortality, matching on exposure propensity scores in an eligible new-user population resulted in a point estimate that approximated the findings from RCTs. In contrast, for the outcome of MI, all estimates were further in the protective direction compared with the observed effect sizes in RCTs. Despite a sample size of more than 5000 participants, sample size appeared to be a limiting factor due to the poor precision of the estimates. Additionally, though we observed a large influx of older new users, early adopter bias appeared to be a persistent limitation, especially for the outcome of MI. Restriction to participants eligible for statins, though important in other settings, [6] [7] [8] [9] 22 did not have a distinguishable impact on the estimates from our study. Similarly, comparing new users to eligible non-initiators and multivariable adjustment did not result in substantial changes to point estimates. There were few prevalent statin users in CHS, particularly at the beginning of the study, minimizing the difference between analysis of all statin users and analysis of statin initiators. Previous research has suggested that covariate adjustment may be less effective than restriction for addressing healthy user bias 9, 33 ; the lack of effectiveness in this setting may reflect the persistence of early adopter bias present.
All estimates of the association between statin use and incident MI were more protective than those from a randomized trial in a similarly aged Based on differences in participant characteristics and adherence in CHS and PROSPER, we would expect statins to be less effective in CHS than in PROSPER: adherence to statins was lower in CHS than in PROSPER and CHS participants were healthier than PROSPER participants. The strongly protective associations observed in CHS likely reflect healthy user bias, which was not ameliorated by the design or analytic strategies used here. In particular, we found evidence of a more protective association between statins and non-CVD mortality among those who initiated statins between 1990 and 1995 compared with those who initiated later. This may suggest the presence of early adopter bias-an exaggerated form of healthy user bias that may be particularly difficult to address. The design and analytic strategies used in this analysis appeared to be more effective in reducing bias in the association between statins and non-CVD mortality than in the association between statins and incident MI. This differential effectiveness may reflect a nuance of healthy user bias, such that CHS participants who used statins also took other cardio-protective measures to preserve their cardiovascular health, but that did not improve their non-CVD risk. In other words, the ignorability assumption may be met for one outcome, but not another. This may also explain, as others have noted, why confounding may be less important for studies of adverse effects in which the risk factors for adverse effects are different than the reasons for treatment. 16 We did not observe an effect of adjustment for loss to follow-up via inverse probability of attrition weights, suggesting that either (i) attrition did not have important effect on the estimates of association or (ii) attrition could not be accurately modelled given the observed covariates. The success of similar design and analytic approaches in replicating RCT results on effectiveness outcomes [5] [6] [7] may underscore the importance of early adopter bias. CHS's timing, with recruitment beginning shortly after the release of statins to the market, highlights early adopter bias as a particularly pervasive form of healthy user bias, for which these methods may be insufficient. Another possibility is that CHS's smaller sample size than the datasets used in previous analyses prevented us from observing the true impact of these methods. However, small sample size would not account for the reduced bias in associations with non-CVD mortality but not with incident MI. Much additional research is needed to evaluate these methods in a variety of settings and consider the implications for using observational studies immediately after approval of new therapies as post-marketing surveillance. Some limitations affect the interpretation of these results. Our ability to measure eligibility for statins was limited by the infrequently-measured LDL-cholesterol and irregular timing of visits in relation to actual initiation of statins, which may partially explain why restriction to those eligible for statins did not affect point estimates substantially. Only 60% of statin initiators were classified as eligible based on covariate values at the visit prior to initiation, likely reflecting both measurement error and that prescribing practices were not strictly in line with contemporary guidelines. Additionally, we did not include details of statin type or dosage, which could affect the expected magnitude of benefit, as we did not have enough observations to compare across subgroups. We used an untreated comparison group; active comparator groups may be more useful for addressing bias, though finding an appropriate comparator to address early adopter bias in statin users would be challenging. Finally, adherence in CHS was worse than in PROSPER (as in most observational studies, compared with randomized trials), which would lead to bias towards the null. We did not have information on whether participants started (or stopped) taking statins between yearly visits, likely increasing measurement error, though this would also lead to bias towards the null. We operationalized statin initiation as precisely as possible, though we do not capture those who initiated and quit statins between study visits. This may have led to an overestimation of adherence, especially among those who experienced a statin-associated adverse event. The strengths of this analysis include the use of a wellcharacterized, population-based cohort to observe uptake of a novel therapy. By using two outcomes of interest, including a negative control outcome, and leveraging results from a relevant randomized trial, we were able to draw conclusions about the capacity for various methods to address bias in observational data.
This analysis illustrates the complications of drawing causal inferences from observational data. Although the combination of design and analysis produced expected estimates of the effect of statins on non-CVD mortality, the magnitude of association between statins and incident MI remained further in the protective direction than expected, suggesting residual early adopter bias. Additionally, poor precision of the estimates remained a limitation due to limited events among statin users, despite a sample size of more than 5000 participants and 5-year risks of 31% for non-CVD death and 14% for MI. Future real-world examples that evaluate the conditions under which estimates from observational data can approximate trial data will help elucidate the most common strengths and limitations of these methods, and better inform meaningful application of these methods.
Supplementary Data
Supplementary data are available at IJE online.
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